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Abstract

The scarcity of reliable biomedical Question-Answering (QA) resources in low-resource
languages like Bangla, spoken by over 230 million, limits access to accurate medical
knowledge. Large Language Models (LLMs) like GPT and LLaMA often produce
factually incorrect answers due to static training data, a critical issue in medical
QA where accuracy is vital. To address this, we evaluated Retrieval-Augmented
Generation (RAG) to combine external knowledge retrieval with generative rea-
soning, enhancing answer verifiability. We introduce BanglaMedQA, a curated
dataset of 1,000 medical Multiple Choice Questions (MCQs) with rationales from
Bangladeshi entrance exams (MBBS, BDS, AFMC) spanning from 1990–2024, and
Bangla MMedBench, a translated MMedBench dataset for complex reasoning. Using
a Bangla biology textbook corpus and web search, we tested RAG variants - Tra-
ditional, Zero-Shot Fallback, Agentic, Iterative Feedback, and Aggregate retrieval
with LLMs. Agentic RAG achieved the highest accuracy (89.54% with openai/gpt-
oss-120b), followed by Iterative RAG (88.73%) across the BanglaMedQA dataset,
with every method outperforming Zero-Shot. Despite challenges in translation fi-
delity and retrieval robustness, this work enhances Bangla medical QA accuracy and
accessibility.

viii



Chapter 1

Introduction

1.1 Introductory Information
Medical Question Answering (QA) has emerged as a critical application of Natural
Language Processing (NLP), enabling healthcare practitioners, students, and pa-
tients to access reliable information efficiently. Recent advances in Large Language
Models (LLMs) such as GPT and LLaMA have demonstrated strong capabilities in
generating coherent and contextually relevant responses. However, LLMs face two
key limitations: their knowledge is bounded by training data, and their responses
can be factually incorrect or “hallucinated” [1], [2].

Retrieval-Augmented Generation (RAG) addresses these challenges by combining
external knowledge retrieval with generative reasoning, making it particularly valu-
able in domains like medicine where accuracy and verifiability are essential [3], [4].

While RAG has shown promising results in English and other high-resource lan-
guages, its effectiveness in low-resource languages remains underexplored. Bangla,
spoken by over 230 million people, lacks high-quality biomedical datasets and bench-
marks [5], [6], [7]. This gap hinders the development of reliable medical QA systems
for Bangla-speaking communities, creating barriers in education and healthcare sup-
port.

1.2 Motivations and Scope
The motivation for this research arises from two interrelated needs:
(i) Enabling equitable access to biomedical knowledge for Bangla-speaking learners
and practitioners.
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(ii) Systematically evaluating advanced QA strategies in a low-resource language
setting.
Despite the proliferation of multilingual models, their performance in Bangla medical
reasoning remains unverified due to the absence of curated datasets and benchmarks
[1]. This thesis seeks to bridge that gap by constructing two Bangla biomedical QA
resources, BanglaMedQA and Bangla MMedBench and by evaluating multiple RAG
strategies on them. By doing so, it lays the groundwork for reliable Bangla medical
reasoning systems and contributes to the broader goal of democratizing healthcare
AI for underrepresented languages.

1.3 Problem Statement
Although Retrieval-Augmented Generation (RAG) improves factuality in Question
Answering (QA), its impact on Bangla biomedical QA remains untested. The lack
of curated Bangla medical datasets and systematic evaluation frameworks prevents
fair comparison of RAG variants and leaves open questions about their adaptability
to low-resource settings. This research addresses the following problem:

How effective are different RAG variants in improving accuracy and
reasoning quality for Bangla biomedical question answering compared to
traditional and Zero-Shot approaches?

1.4 Research Challenges
This research confronts several challenges:

• Data Scarcity: No existing large-scale Bangla biomedical Question Answer-
ing (QA) dataset with rationales [5], [6].

• Translation Quality: Preserving accuracy and medical meaning during
dataset translation [8].

• Retrieval Complexity: Ensuring that relevant context is retrieved from
textbooks or external sources in Bangla [3], [9].

• Model Adaptability: Assessing whether Retrieval-Augmented Generation
(RAG) strategies designed for English generalize effectively to Bangla biomed-
ical contexts [4].

• Evaluation Rigor: Utilizing robust metrics to measure not only answer cor-
rectness but also rationale quality [10].
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1.5 Contributions
This thesis makes three key contributions:

1. BanglaMedQA: We curated the first Bangla medical Question Answering
(QA) dataset derived from authentic admission test questions.

2. Bangla MMedBench: We developed a translated and preprocessed Bangla
version of the MMedBench dataset, enabling reasoning-intensive evaluation in
Bangla.

3. Systematic Evaluation of Retrieval-Augmented Generation (RAG)
Variants: We implemented and benchmarked traditional RAG [3], RAG with
Fallback, Agentic RAG [11], Iterative Feedback RAG [12], and Aggregate k-
values RAG [4] on our BanglaMedQA dataset.

Together, these contributions provide a benchmark for Bangla biomedical QA and
advance the understanding of RAG in low-resource medical Natural Language Pro-
cessing (NLP). In the following sections, we present the related works, describe
our proposed methodology, discuss the experimental results, and conclude with key
findings and future directions.
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Chapter 2

Related Works

2.1 Medical Question Answering (Medical QA)
Automated solutions for aggregating and summarizing information are becoming
increasingly important for patients and healthcare professionals, given the rapid
growth of online medical literature. Large Language Models (LLMs), with their so-
phisticated generative capabilities, have demonstrated strong potential in a variety
of Natural Language Processing (NLP) applications [1], [2]. Biomedical Question
Answering (QA) systems have the potential to revolutionize clinical workflows by re-
trieving precise and contextually relevant information, thereby improving efficiency,
reducing cognitive load, and supporting evidence-based decision-making [13], [14].

However, medical QA remains highly challenging due to the complexity of biomedical
terminology, the necessity for deep semantic understanding, and the lack of domain-
specific adaptation in most general-purpose language. Biomedical language is filled
with abbreviations, nuanced meanings, and specialized vocabulary that are often
not well-covered by general corpora.

Broadly, biomedical QA tasks fall into two categories:

1. Multiple-Choice Question Answering (MCQ):

In this format, models are provided with a question and a fixed set of answer
options. Pal et al. introduced MedMCQA, a dataset of 193k multiple-choice
questions from Indian medical exams, which has been widely used for model
benchmarking [15]. Similarly, Jin et al. proposed PubMedQA, which also
includes a multiple-choice variant for reasoning over PubMed articles [8].

2. Generative Answering:
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In this setup, models generate free-form answers to biomedical questions.
Tsatsaronis et al. presented the BioASQ challenge, which evaluates sys-
tems on biomedical semantic indexing and Question Answering (QA) based
on PubMed literature [10]. Generative QA benchmarks like BioASQ enable
testing deeper reasoning but are also more prone to hallucinations.

2.2 Low-Resource Languages in Medical NLP
For English, many datasets exist, but for Bangla such resources are scarce. Shafayat
et al. introduced BEnQA, a bilingual benchmark of Science Question Answering
(QA) in Bangla and English [5]. Other resources include the Bangla Medical Dataset
on Kaggle [6] and a Bangla health Named-Entity Recognition (NER) dataset [7],
[16], [17]. However, these do not address biomedical QA reasoning directly, leaving
a major gap that our datasets aim to fill.

2.3 Retrieval-Augmented Generation (RAG)
Lewis et al. introduced Retrieval-Augmented Generation (RAG), which combines
dense passage retrieval with generative models to ground responses in external
knowledge sources [3], [18]. This approach mitigates limitations of static Large
Language Models (LLMs) by providing factual grounding, reducing hallucinations,
and enabling models to incorporate up-to-date knowledge. Izacard and Grave fur-
ther showed that retrieval-based generation consistently outperforms parametric-
only methods in knowledge-intensive Natural Language Processing (NLP) tasks [9].
In the medical domain, Zhang et al. benchmarked RAG systems on biomedical
Question Answering (QA) and demonstrated substantial improvements in factual
correctness and reasoning quality [4].

Despite these benefits, vanilla RAG pipelines face challenges such as retrieval errors,
irrelevant passages, and instability in reasoning. To address these issues, several
RAG variants have been proposed, each improving adaptability and robustness in
different ways:

RAG with Fallback

Fallback-based RAG strategies combine retrieval with a Zero-Shot or parametric
fallback mechanism. For example, Lewis et al. [3] and subsequent extensions demon-
strated that when retrieval fails to yield high-quality passages, the system can revert
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to generating an answer directly from the model’s internal knowledge. This hybrid
setup ensures coverage while reducing hallucinations, particularly useful in special-
ized domains like medicine where retrieval databases may be incomplete.

Agentic RAG

Agentic RAG frameworks view the Question Answering (QA) system as an “agent”
capable of deciding when and how to retrieve knowledge [19]. Yao et al. proposed the
ReAct framework, which allows models to interleave reasoning steps with retrieval
and external actions [11]. This approach demonstrated improvements on reasoning-
intensive QA tasks by dynamically routing between retrieval, external web search,
or internal generation. Similarly, Shinn et al. introduced Reflexion, which equips
models with feedback-driven self-improvement by reflecting on past responses and
reformulating queries when retrieval was insufficient [12]. These methods highlight
the growing shift towards agentic, self-directed retrieval strategies.

Iterative Feedback RAG

Iterative RAG approaches aim to refine retrieval through multiple feedback loops
[20]. Instead of relying on a single retrieval step, the system reformulates queries,
extracts keywords, and retrieves additional context in multiple iterations. Shinn et
al.’s Reflexion [12] exemplifies this paradigm, showing that iterative reformulation
reduces retrieval noise and enhances factual grounding. Such iterative designs are
especially effective for biomedical Question Answering (QA), where precise termi-
nology and nuanced meanings are critical.

Aggregate k-Values RAG

Another line of work explores aggregating information across multiple retrieval
depths or values of 𝑘. In multiple studies, it has been demonstrated that com-
bining evidence from several retrieved contexts improves stability and robustness of
Retrieval-Augmented Generation (RAG) outputs, especially in distributed domains
such as biomedical literature [4] [21]. By aggregating across multiple passages rather
than relying on a single best retrieval, models are less sensitive to retrieval noise and
achieve higher consistency.

Together, these studies demonstrate that augmenting vanilla RAG with fallback
strategies, agentic decision-making, iterative refinement, and aggregation mecha-
nisms can substantially improve Question Answering (QA) performance. These
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innovations are particularly relevant in the biomedical domain, where factual cor-
rectness, interpretability, and reliability are critical.

2.4 Research Gap and Motivation
Despite notable progress in Natural Language Processing (NLP) and Large Lan-
guage Models (LLMs), several gaps remain in the domain of biomedical Question
Answering (QA), particularly in multilingual and resource-constrained contexts.

1. Limited Biomedical QA in Bangla and Low-Resource Languages
Most existing biomedical QA systems and datasets are developed for English.
Low-resource languages like Bangla remain underrepresented, limiting access
for a large portion of practitioners, students, and patients in non-English
speaking regions.

2. Scarcity of Domain-Specific Datasets
Widely used datasets (e.g., MedQA [22], PubMedQA, MedMCQA) are pre-
dominantly in English and often based on Western curricula. There is a lack
of curated, high-quality biomedical MCQ datasets tailored to South Asian or
Bangla medical textbooks, creating a significant barrier for localized applica-
tions.

3. Challenges in Applying General LLMs to Biomedical MCQ Tasks
Open-domain LLMs (e.g., GPT, LLaMA, Mistral) show strong general rea-
soning but often lack specialized biomedical knowledge [23]. Without domain
adaptation, these models struggle with terminologies, abbreviations, and rea-
soning required for medical MCQs.

4. Limitations of Current Retrieval-Augmented Generation (RAG) Ap-
proaches
While RAG has improved factual accuracy by grounding LLMs in external
knowledge, most biomedical RAG studies focus on research articles and clin-
ical notes, not structured MCQs. Existing RAG pipelines do not adequately
handle multilingual retrieval (Bangla–English mix) or exam-style MCQ rea-
soning with rationales.

5. Need for Explainability in Biomedical Education
Current biomedical QA models mostly generate short answers without provid-
ing reasoning steps or rationales [24]. For educational and clinical training pur-
poses, explanations are essential, yet underexplored in multilingual biomedical
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MCQ systems.

This research therefore addresses the above gaps by curating a Bangla biomedical
MCQ dataset from textbooks and exam sources, implementing RAG pipelines that
handle multilingual retrieval (both Bangla and English) for answer and rationale
generation, enhancing both accuracy and explainability.
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Chapter 3

Proposed Methodology

This chapter outlines the methodology adopted in this research to address the iden-
tified gaps in biomedical question answering. We begin by introducing the datasets
used in our work, including a newly curated Bangla medical corpus BanglaMedQA
and MMedBench’s translated counterpart Bangla MMedBench, alongside a domain-
specific retrieval source based on Bangla biology textbooks. Following this, we
describe the different Retrieval-Augmented Generation (RAG) strategies applied,
ranging from traditional RAG to enhanced variants such as Zero-Shot Fallback,
Agentic, Iterative Feedback, and Aggregate retrieval methods. Finally, we evaluate
the performance of our approaches on both English and translated Bangla bench-
marks, with detailed analysis of Zero-Shot capabilities and the role of web search
integration. Together, these steps provide a comprehensive framework for building
and assessing a multilingual biomedical Multiple Choice Question-Answer (MCQ)
question-answering system.

3.1 Dataset
To support research in medical question-answering for Bangla, we introduce two
complementary datasets. BanglaMedQA is the first curated Bangla medical Mul-
tiple Choice Question-Answer (MCQ) dataset, covering foundational topics, care-
fully filtered for quality and consistency. Bangla MMedBench extends an English
biomedical benchmark into Bangla through careful translation and preprocessing,
providing reasoning-intensive questions with rationales. Together, these datasets
establish both surface-level and advanced resources, serving as foundational bench-
marks for evaluating Retrieval-Augmented Generation (RAG) and other Question
Answering (QA) systems in a low-resource language.
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3.1.1 BanglaMedQA - Bangla Medical Corpus

The BanglaMedQA dataset is a novel contribution, representing the first curated
medical question-answer dataset in Bangla. It has been compiled from authentic
sources, specifically the admission tests of Bangladesh’s Medical (MBBS), Dental
(BDS), and Armed Forces Medical College (AFMC), spanning exam years from
1990 to 2024, covering 34 years.

The dataset consists of 1,000 Multiple-Choice Questions (MCQs), each accompa-
nied by four answer options, a correct answer, and an explanation. The questions
primarily focus on surface-level factual knowledge typically required in admission
tests.

Quality Control Measures:

To make sure this dataset is properly curated we followed the mentioned policies:

• Exclusion of questions with multiple correct answers: They introduce
ambiguity. For instance, during data verification, we identified several ques-
tions that had more than one correct option. Out of 1,200 collected questions,
5 such ambiguous items were excluded to maintain the integrity of the dataset.

• Elimination of items with invalid option numbering: This ensures
structural consistency. Some questions contained non-standard option labels,
such as Bangla letters (e.g., ক, খ, গ, ঘ) or numerical options (e.g., 1, 2, 3, 4),
instead of the standard English labels (A, B, C, D). To maintain uniformity,
11 items were removed for this reason.

• Removal of repeated questions: This ensures each item is unique. Since
the dataset was compiled from multiple years of medical admission tests, some
questions were repeated across different sessions. To avoid redundancy, 184
duplicate questions out of 1200 questions were identified and removed, result-
ing in a set of unique and diverse questions.

By addressing these considerations, BanglaMedQA establishes a high-quality, domain-
specific benchmark for evaluating question-answering systems in Bangla. This dataset
not only supports the exploration of RAG in a low-resource language but also pro-
vides a foundational resource for future research in medical Artificial Intelligence
applications for Bangladesh and the broader Bangla-speaking community.

10



3.1.2 Bangla MMedBench – Translated Biomedical Corpus

The Bangla MMedBench dataset builds upon the English medical benchmark dataset
introduced by Zhang et al.[2]. The original dataset consists of situation-based med-
ical questions inspired by the USMLE examination, with accompanying rationales
generated using ChatGPT.

To extend this resource into Bangla, we employed the Gemini-1.5-Flash model [25] in
a batch translation process. Before finalizing this choice, we conducted a compara-
tive evaluation of several LLM-based translation methods, including Google, Mistral
Saba, LLaMA 70B, Gemini, and ChatGPT. 50 questions were manually reviewed
with a medical expert to assess translation quality, particularly for domain-specific
terminology and grammatical correctness.

The evaluation showed that Mistral Saba performed poorly in translating domain-
specific medical terms, while LLaMA 70B often misinterpreted multiple-choice op-
tions. Google Translate, though efficient, introduced frequent spelling and grammat-
ical errors in Bangla. In contrast, Gemini and ChatGPT achieved better translation
fidelity, accurately preserving medical terminology, while maintaining Bangla gram-
mar. Based on these results and available computational resources, alongside the
medical expert’s preference, Gemini-1.5-Flash was selected as the final translation
model. This enabled us to translate the entire dataset into Bangla while retaining
the question, options, correct answer, and rationale structure.

Following translation, extensive preprocessing steps were performed to ensure qual-
ity and consistency, including:

• Removal of improperly translated or incomplete items.

• Correction of formatting issues in options and rationales.

• Ensuring alignment between translated answers and rationales with the orig-
inal source.

The resulting dataset consists of 1,000 high-quality Bangla biomedical MCQs with
rationales, offering a more advanced and situation-focused resource compared to the
surface-level factual knowledge of BanglaMedQA.

By introducing this dataset, we provide the first advanced Bangla biomedical MCQ
corpus designed specifically for evaluating medical reasoning tasks in a low-resource
language, making it a critical benchmark for assessing RAG and other QA strategies
in Bangla.
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3.1.3 Data Preprocessing

Before running experiments, the raw BanglaMedQA dataset and the Bangla MMed-
Bench dataset required several cleaning steps to ensure consistency. First, Unicode
normalization was applied to resolve issues with irregular ASCII and full-width
characters. Soft and invisible whitespace characters were also normalized to prevent
parsing errors. In some cases, the multiple-choice options were embedded directly
inside the question text, or stored together under a single key, rather than as sepa-
rate fields. To address this, a regular expression–based parser was implemented to
detect option markers (e.g., “A.”, “B)”, “C:”) and split them into distinct entries for
A, B, C, and D. This ensured that every record followed a uniform structure, with
a clean question field and exactly four option fields. This cleaned dataset was then
used across all subsequent experiments.

3.2 Retrieval Augmented Generation (RAG)
Retrieval-Augmented Generation (RAG) is a framework that combines information
retrieval with Large Language Models (LLMs) [26]. Instead of relying solely on
the knowledge stored in a language model’s parameters, RAG first retrieves rele-
vant documents or context from an external knowledge source (such as a corpus,
database, or textbook) [27] and then conditions a generative model on this retrieved
information to produce accurate and context-aware responses. This approach en-
hances factual accuracy, allows handling of domain-specific queries, and supports
low-resource languages by grounding generation in explicit reference material.

3.2.1 RAG Retrieval Source: Bangla Biology Textbook

To construct a reliable retrieval source for our Retrieval-Augmented Generation
(RAG) pipelines, we digitized the Higher Secondary level (12th class) Biology text-
book of Bangladesh, written in Bangla, ensuring that the entire content was available
in machine-readable form. To ensure the quality and completeness of the digitized
text, we followed a two-step process:

Step 1: Finding the best OCR system: Initially, we experimented with Tesser-
act, an open-source Optical Character Recognition (OCR) engine [28], [29]. While
Tesseract produced acceptable results for simple text, it struggled with complex
Bangla juktakkhor (conjunct characters). For example, after processing certain
pages, Tesseract often skipped entire paragraphs where such characters appeared,
leading to substantial gaps in the extracted text. To address this, we switched to

12



Figure 3.1: Methodological workflow of the Bangla RAG framework

Google Lens OCR [30], [31], which yielded significantly cleaner outputs and demon-
strated superior handling of complex Bangla character combinations.

Step 2: Manual inspection and correction: Following OCR, the extracted text
was carefully verified to correct alignment issues, formatting errors, and occasional
missing content. This post-processing step ensured that the corpus retained both
structural integrity and linguistic accuracy.

The final OCR-processed version of the Higher Secondary level Biology textbook
served as the primary knowledge source for RAG-based evaluation, enabling reliable
retrieval of domain-specific content directly aligned with Bangla medical Question
Answering (QA) tasks.

3.2.2 Implementing Strategies

In this study, we implemented a RAG pipeline to answer domain-specific Bangla
biology MCQs. The methodology integrates local retrieval from a textbook with
fallback strategies to external web search or Zero-Shot reasoning. Various LLMs
served through the Groq API1 which provides a high-speed LLM inference platform
were employed, along with a Bangla-optimized SBERT embedding model [32] for
semantic search. The pipeline shown in Figure 3.1 supports multiple strategies,
including one-shot reasoning, iterative refinement, and aggregation across different

1Groq API Documentation
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retrieval depths to improve answer accuracy and rationale quality. Context chunk-
ing, vector indexing, and a router module were used to ensure relevant and complete
information retrieval, while robust error handling maintained reliability during in-
ference.

1. Traditional/Local RAG

The first method we implemented was the traditional or vanilla RAG. In this set-
ting, the question 𝑞, along with its multiple-choice options 𝑂 = {𝑂𝐴, 𝑂𝐵, 𝑂𝐶, 𝑂𝐷}
is provided to the LLM. The model retrieves relevant passages from the external
knowledge base 𝐷, which consists of the processed Bangla Biology textbook.

The retrieval step performs a similarity search based on the question 𝑞 and returns
the top-𝑘 passages:

𝐶 = Retrieve(𝑞, 𝐷, 𝑘)

The retrieved context 𝐶, the question 𝑞 and options 𝑂 are integrated together to
construct a prompt which is used to query the LLM. At this stage, the model evalu-
ates whether the information in 𝐶 is sufficient to answer the question by comparing
the length of the retrieved context of the top-k chunks from the vector database to
a set threshold. If the retrieved information is deemed enough, the LLM produces
an output consisting of (i) a predicted option 𝑂̂ ∈ 𝑂 and (ii) a rationale 𝑅 that
explains the reasoning. This generation process can be formalised as:

(𝑂̂, 𝑅) = argmax
𝑎

𝑃(𝑎 ∣ 𝑞, 𝑂, 𝐶)

where 𝑎 represents the joint answer sequence.

If, however, the retrieval did not return sufficient information to answer the question,
the model outputs a null response:

(𝑂̂, 𝑅) = (N/A, উত্তর পাওয়া যায়িন)

where the Bangla text translates to “The answer was not found”.

During initial experiments, we observed that the model often defaulted to "উত্তর
পাওয়া যায়িন" whenever the retrieved context lacked relevant details. For specific
chapterwise questions, the LLM produced null responses for many items that were
indeed not covered in said chapter, verifying our assumption that the chapter lacked
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Figure 3.2: RAG with Zero-Shot Fallback pipeline illustration

sufficient coverage. By contrast, under Zero-Shot prompting, the LLM always gen-
erated a prediction 𝑂̂ with a rationale 𝑅, even if it had to rely solely on its pretrained
knowledge or make a best guess. Thus, Zero-Shot avoided null predictions entirely,
while traditional RAG frequently abstained from answering when the external con-
text was insufficient.

2. Local RAG with Zero-Shot Fallback

Since the traditional RAG method often abstained from answering when the re-
trieved content was insufficient, we designed a hybrid approach (Figure 3.2) that
combines retrieval with a Zero-Shot fallback strategy. This method ensures that no
question remains unanswered, while still leveraging retrieved textbook knowledge
when available.

The first portion of this pipeline is identical to traditional RAG: the process begins
with retrieval from the knowledge base 𝐷. Given a query 𝑞, the top-𝑘 relevant
passages are retrieved through similarity search:

𝐶 = Retrieve(𝑞, 𝐷, 𝑘)

where 𝐶 = {𝑐1, 𝑐2,… , 𝑐𝑘} is the retrieved context set.

The LLM is then queried with a prompt consisting of the question 𝑞, options 𝑂
and retrieved context 𝐶. If the retrieved information is deemed sufficient, the LLM
predicts the answer option 𝑂̂ along with a rationale 𝑅:

(𝑂̂, 𝑅) = argmax
𝑎

𝑃(𝑎 ∣ 𝑞, 𝑂, 𝐶)

However, unlike traditional RAG, if the retrieved passages are not sufficient to an-
swer the question, the model does not output the null prediction "উত্তর পাওয়া যায়িন".
Instead, it falls back to a Zero-Shot setting, relying solely on its pretrained knowl-
edge. Here, the query prompt consists of only the question 𝑞, and the options 𝑂,
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but no context is provided:

(𝑂̂, 𝑅) = argmax
𝑎

𝑃(𝑎 ∣ 𝑞, 𝑂)

This fallback mechanism guarantees that every question receives a valid prediction,
whether through retrieval-augmented reasoning or pure Zero-Shot inference. By
avoiding null outputs, the approach maintains better coverage and strikes a balance
between precision (when relevant retrieved context is present) and recall (when
retrieval is insufficient).

3. Web Search with Zero-Shot Fallback

We implemented a Web RAG pipeline for Bangla Multiple-Choice Questions (MCQs)
that relies solely on web retrieval and a Zero-Shot fallback. The pipeline preserves
the full Comma-Separated Values (CSV) structure used in previous experiments,
including predictions, rationales, and evaluation metrics. The steps are as follows:

i) Web Retrieval:

For each question, the text along with all answer options is used to perform a web
search via the Serper API2. Up to eight links are retrieved, and the top three are
fetched and parsed to extract textual content from relevant HTML elements such
as articles, paragraphs, and lists. The extracted text is summarized into concise
bullet points in Bangla using the language model, and these summaries are concate-
nated to form a web context. A minimum length threshold ensures only sufficiently
informative content is used. If the web context satisfies the threshold, the model
generates an answer and rationale in structured JSON format:

{"option": "A|B|C|D", "rationale": "<1--3 line Bangla explanation>"}

ii) Zero-Shot Fallback:

If web retrieval returns insufficient or empty content, the system defaults to Zero-
Shot reasoning, where the model generates the answer using only its pretrained
knowledge. This ensures that every question receives a response.

The pipeline fetches and parses web pages using HTTP requests and HTML parsing
libraries. Summaries are limited in size and only included if they exceed a minimum
length. Retry mechanisms and delays between API calls are included for reliability.

2Serper API
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Figure 3.3: Agentic RAG pipeline illustration

This pipeline allows answering Bangla MCQs using dynamic web knowledge, while
ensuring coverage via Zero-Shot fallback. It is lightweight, reproducible, and fully
compatible with downstream evaluation of both answer correctness and rationale
quality.

4. Agentic RAG

To further enhance performance, we implemented an Agentic RAG pipeline as shown
in Figure 3.3, where the LLM behaves as an intelligent agent capable of dynami-
cally selecting the most suitable strategy for answering a given question. Unlike
traditional RAG, which relies solely on local retrieval, this agentic setup introduces
a decision-making layer that allows the model to flexibly route queries based on
context availability and quality. Specifically, the agent can determine whether the
retrieved textbook passages are sufficient (Local RAG), or whether the question re-
quires additional evidence from external sources like the web (Web RAG). If both
retrieval routes prove inadequate, the model gracefully defaults to a Zero-Shot rea-
soning strategy, ensuring that no question is left unanswered. This design signif-
icantly reduces the likelihood of incomplete or misinformed predictions, while also
maximizing the use of both curated domain knowledge (textbook) and dynamic,
up-to-date information (web).

The pipeline consists of three sequential steps:

i) Local Retrieval:
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The query 𝑞 is used to retrieve the top-𝑘 passages from the textbook knowledge
base 𝐷:

𝐶local = Retrieve(𝑞, 𝐷, 𝑘)

This context 𝐶 is evaluated by a router module, the agent, which is prompted as
follows:

���������

তɊ িম একিট রাউটার মেডল। িনেচর েটĥেট িক àেƣর উত্তর েদবার জনয্ যেথƧ তথয্
আেছ? শ‍ুধু একিট শেƁ উত্তর দাও: Yes অথবা No�

(Translation: “You are a router model. Does the text below contain enough infor-
mation to answer the question? Answer in one word only: Yes or No.”)

If the router responds with Yes and the context length satisfies |𝐶local| > 𝜏1, the
system proceeds with Local RAG:

(𝑂̂, 𝑅) = argmax
𝑎

𝑃(𝑎 ∣ 𝑞, 𝑂, 𝐶local)

Otherwise, the system advances to Step 2.

We should keep in mind that FAISS retrieval can sometimes return semantically close
chunks that nonetheless fail to contain the key answer. In other words, embeddings
may capture general similarity but still be misleading when the actual answer content
is absent. By introducing the router, we add a lightweight reasoning layer that
explicitly checks sufficiency rather than relying on retrieval scores alone and hence
exhibits the agentic behavior.

ii) Web Retrieval:

If the textbook context is insufficient, the query is passed to the Serper API for
external web search. The API is instructed to fetch up to a maximum of 8 links for
each query. The number of links actually returned is reported as Serper hits, which
can vary depending on the query.

From these results, only the top 3 links are selected for deeper processing. Each link
is scraped to extract article, paragraph, and list content. If the scraped text from a
page is sufficiently long, the model summarizes it into a concise set of bullet points.
These summaries are then concatenated to form the combined web context 𝐶web.
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If the web summary satisfies the minimum length constraint |𝐶web| > 𝜏2, the model
generates its answer using Web RAG:

(𝑂̂, 𝑅) = argmax
𝑎

𝑃(𝑎 ∣ 𝑞, 𝑂, 𝐶web)

If the web context is still insufficient, the pipeline advances to Step 3.

Note that the router is not applied at this stage because of two main considerations:
efficiency and trust in external retrieval. Running an additional router check on
every web page summary would introduce extra latency and API overhead, making
the pipeline slower and more expensive. Moreover, since web search already expands
beyond the textbook and provides external grounding, it is assumed that a simple
length-based threshold would be sufficient to filter useful content.

iii) Zero-Shot Fallback:

When neither local retrieval nor web retrieval yields sufficient evidence, the system
defaults to Zero-Shot reasoning, relying solely on the LLM’s pretrained knowledge:

(𝑂̂, 𝑅) = argmax
𝑎

𝑃(𝑎 ∣ 𝑞, 𝑂)

The overall routing policy 𝜋(𝑞) can thus be formalized as:

𝜋(𝑞) =

⎧
⎪

⎨
⎪
⎩

Local RAG, if Router(𝐶local) = Yes ∧ |𝐶local| > 𝜏1,

Web RAG, if Router(𝐶local) = No ∧ |𝐶web| > 𝜏2,

Zero-Shot, otherwise.

This three-step routing strategy allows the agent to flexibly select the most reliable
source of knowledge are first checking the textbook, then leveraging web search, and
finally relying on Zero-Shot inference when necessary.

5. Iterative Feedback RAG

RAG pipelines have become a cornerstone for enhancing LLMs with external knowl-
edge, enabling them to provide contextually grounded answers to complex queries.
However, conventional RAG systems operate on a single retrieval-and-generation
cycle, which can falter in scenarios where the retrieved context is noisy, incomplete,
or misleading, or when the LLM’s initial prediction is incorrect due to ambiguities in

19



Figure 3.4: Iterative Feedback RAG pipeline illustration

the query or context. These limitations can lead to suboptimal performance, partic-
ularly in domains like zoology or other specialized fields where precise terminology
and nuanced distinctions are critical. To address these shortcomings, we introduce
Iterative Feedback RAG, a novel retrieval–generation strategy that incorporates a
feedback-driven loop to mimic introspective reasoning. This approach allows the
LLM to critically evaluate its own outputs, refine its responses through multiple
iterations, and improve robustness within a single query–response cycle, as shown
in Figure 3.4.

The pipeline is structured into four sequential phases, detailed below, with additional
insights into their implementation and significance.

i) Context Retrieval:

The process begins with a standard retrieval step, akin to conventional RAG pipelines.
Given an input query 𝑞 and a knowledge base 𝐷, the system retrieves the top-𝑘 rel-
evant text chunks from a FAISS vector store using a similarity-based search:

𝐶𝑘 = Retrieve(𝑞, 𝐷, 𝑘)

Here, 𝐶𝑘 represents the set of retrieved text chunks, and 𝑘 is a configurable param-
eter determining the number of chunks (typically set to 5 in our implementation).
The FAISS vector store leverages dense embeddings generated by a model such as
BanglaSBERT model, optimized for semantic similarity in the target language (e.g.,
Bangla for zoology-related content). At this stage, no additional filtering is ap-
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plied beyond cosine similarity scoring, which means 𝐶𝑘 may contain a mix of highly
relevant, partially relevant, or even irrelevant information. This potential noise un-
derscores the need for iterative refinement, as irrelevant chunks can mislead the
LLM’s initial prediction.

ii) One-Shot Answering:

In the second phase, the LLM generates an initial answer based on the retrieved
context 𝐶𝑘 and the original query 𝑞. This step mirrors the conventional RAG ap-
proach, where the LLM computes the probability of each possible answer given the
query and context:

(𝑂̂0, 𝑅0) = argmax
𝑎

𝑃(𝑎 ∣ 𝑂, 𝑞, 𝐶𝑘)

Here, 𝑂̂0 is the predicted answer (e.g., a multiple-choice option A, B, C, or D),
and 𝑅0 is the associated reasoning or raw output. The system formats the prompt
to ensure the LLM outputs only a single character (e.g., “A”) for multiple-choice
questions (MCQs), minimizing extraneous text and ensuring compatibility with au-
tomated evaluation. If 𝑂̂0 matches the ground-truth answer, the system terminates,
classifying the result as a high-confidence answer. This early termination optimizes
efficiency for straightforward queries where the initial retrieval and generation are
sufficient. However, if the prediction is incorrect, the system proceeds to the it-
erative refinement phase, addressing potential errors caused by noisy context or
misinterpretation.

iii) Iterative Refinement:

The iterative refinement phase is the core innovation of Iterative Feedback RAG. If
the one-shot answer is incorrect, the system initiates a feedback loop to refine the
query and improve the prediction. The LLM first analyzes the retrieved context 𝐶𝑘
and the original query 𝑞 to extract salient tokens, keywords, or short phrases most
relevant to the query:

𝐾 = ExtractKeywords(𝑞, 𝐶𝑘)

The keyword extraction process leverages the LLM’s natural language understanding
capabilities to identify critical terms that are likely to improve retrieval precision.
The extracted keywords 𝐾 are then used to reformulate the query:

𝑞′ = 𝑓(𝑞, 𝐾)
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where 𝑓(⋅) is a query-reframing function that combines the original query with the
extracted keywords to create a more focused query 𝑞′. For example, if the original
query is “What is the primary source of energy for Earth’s climate system?” and
the extracted keywords are “energy source” and “climate system,” the reformulated
query might emphasize these terms to retrieve more targeted context.

Using the reformulated query 𝑞′, the system performs a new retrieval to obtain a
refined context set and generates a new prediction:

(𝑂̂𝑖, 𝑅𝑖) = argmax
𝑎

𝑃(𝑎 ∣ 0′, 𝑞′, 𝐶𝑘)

This process is repeated for up to two refinement cycles (𝑖 = 1, 2), allowing the
system to progressively eliminate ambiguity, filter out irrelevant context, and correct
initial mistakes. The iterative nature of this step enables the system to adapt to
challenging cases, such as when the initial context contains distractors or when the
query requires subtle distinctions. By limiting the iterations to two, we balance
computational efficiency with the need for robust error correction.

iv) Final Answer and Confidence Estimation: After completing the refinement
cycles (or terminating early in the case of a correct one-shot answer), the system
determines the final answer and assigns a confidence level based on the decision
path:

• High confidence: Assigned when the one-shot prediction (𝑂̂0) is correct,
indicating that the initial retrieval and generation were sufficient.

• Medium confidence: Assigned when iterative refinement corrects an ini-
tially incorrect answer, reflecting the system’s ability to recover from errors.

• Low confidence: Assigned when the refinement cycles fail to produce the
correct answer, signaling potential limitations in the context or query com-
plexity.

This tiered confidence scoring provides a transparent reliability estimate, enabling
downstream applications to prioritize high-confidence answers for critical tasks or
flag low-confidence answers for further review. The confidence levels also facilitate
user trust by quantifying the system’s certainty in its predictions.

6. Aggregate k-values RAG

Traditional RAG pipelines rely on a single retrieval operation, where a fixed number
of top-𝑘 documents or text chunks are retrieved based on their similarity to the
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Figure 3.5: Aggregate k-values RAG pipeline illustration

input query. While effective for simple queries, this approach is highly sensitive
to the choice of 𝑘: a small 𝑘 may miss critical information, leading to incomplete
or inaccurate answers, while a large 𝑘 may introduce noise or irrelevant context,
overwhelming the LLM’s ability to focus on pertinent details.

This sensitivity is particularly problematic in knowledge-intensive domains like zo-
ology, where queries often involve precise terminology, subtle distinctions, or infor-
mation scattered across multiple sections of a knowledge base. To address these
challenges, we propose Aggregate k-values RAG, a robust variant of RAG that en-
hances performance by combining predictions from multiple retrieval granularities
as shown in Figure 3.5. This method systematically evaluates the query against
different top-𝑘 context sets and aggregates the resulting predictions into a stable,
reliable final answer.

The core intuition behind Aggregate k-values RAG is that different retrieval sizes
capture complementary evidence from the knowledge base. For instance, a smaller
𝑘 (e.g., 3) prioritizes highly relevant, concise context, which is ideal for focused
queries, while a larger 𝑘 (e.g., 6) provides broader coverage, potentially including
supplementary details that clarify ambiguous or complex questions. By aggregat-
ing predictions across these retrieval sizes, the system reduces the impact of noise,
mitigates the risk of missing critical information, and enhances overall stability.

The Aggregate k-values RAG pipeline consists of three sequential stages: context
retrieval, LLM prediction, and vote collection and aggregation. Below, we provide
a detailed explanation of each stage, including its theoretical foundations, practical
considerations, and relevance to zoology applications.

i) Context Retrieval:
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The first stage involves retrieving multiple sets of context chunks from the knowledge
base 𝐷 for a given query 𝑞. Unlike standard RAG, which uses a single 𝑘-value,
Aggregate k-values RAG performs retrievals with a predefined set of 𝑘-values:

𝐶𝑘𝑗 = Retrieve(𝑞, 𝐷, 𝑘𝑗), 𝑘𝑗 ∈ {3, 5, 6}

Each retrieval set 𝐶𝑘𝑗 contains the top-𝑘𝑗 text chunks ranked by similarity to the
query, typically computed using cosine similarity in a vector store such as FAISS. The
embeddings for retrieval are generated by a model optimized for semantic similarity,
such as BanglaSBERT model, which is effective for processing text in languages like
Bangla, often used in educational zoology materials. The choice of 𝑘𝑗 ∈ {3, 5, 6} is
heuristic but balances precision and recall:

• 𝑘 = 3: Retrieves a small, highly focused set of chunks, ideal for queries re-
quiring precise information (e.g., “What is the scientific name of the Bengal
tiger?”).

• 𝑘 = 5: Provides a moderate scope, capturing a broader but still relevant con-
text, suitable for queries needing additional details (e.g., “What adaptations
enable the Bengal tiger to hunt?”).

• 𝑘 = 6: Ensures comprehensive coverage, including potentially supplementary
information, which is useful for complex or ambiguous queries (e.g., “How does
the Bengal tiger’s diet impact its ecosystem?”).

These retrieval sets offer complementary perspectives on the knowledge base. For
example, a smaller 𝑘 might retrieve chunks directly addressing a species’ charac-
teristics, while a larger 𝑘 might include related topics such as habitat, behavior,
or evolutionary context. Each retrieval set may also contain noise (e.g., irrelevant
chunks discussing unrelated species) or miss subtle details, which the aggregation
step addresses. Using multiple 𝑘-values allows the system to explore a range of
contextual windows, increasing the likelihood of capturing all relevant information
while reducing dependency on a single retrieval size.

ii) LLM Prediction:

In the second stage, the system generates independent predictions for each retrieved
context set 𝐶𝑘𝑗 . The query 𝑞 is paired with each context set and passed to the
LLM, which computes the probability of each possible answer (e.g., multiple-choice
options A, B, C, or D) given the query and context:
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𝑂̂𝑘𝑗 = argmax
𝑂∈𝒪

𝑃(𝑂 ∣ 𝑞, 𝐶𝑘𝑗)

Here, 𝑂̂𝑘𝑗 is the predicted answer for the 𝑗-th retrieval set, and 𝒪 represents the
set of possible answers (e.g., {𝐴, 𝐵, 𝐶, 𝐷}). The LLM is prompted to output a single
character (e.g., “A”) along with a brief rationale (1–3 lines) explaining its reasoning.
This structured output facilitates automated evaluation and provides insight into
the LLM’s decision-making process, which is particularly valuable in educational
contexts.

The LLM used in this pipeline is configured with a temperature of 0.7 to balance
creativity and determinism, ensuring predictions are both accurate and coherent.
The prompt enforces a structured JSON-like format containing the predicted option
and rationale. Different 𝑘-values may lead to varying predictions: smaller 𝑘 might
focus on highly specific chunks, while larger 𝑘 may provide broader context that
supports or complicates the answer.

By generating independent predictions for each 𝑘-value, the system captures mul-
tiple perspectives. A smaller 𝑘 might yield a precise but incomplete answer, while
a larger 𝑘 could introduce noise but also uncover supplementary details that clarify
the query. This diversity underpins the aggregation step that produces a robust
final answer.

iii) Vote Collection and Aggregation:

The final stage aggregates candidate predictions {𝑂̂𝑘1 , 𝑂̂𝑘2 , 𝑂̂𝑘3} from the different
retrieval sizes to determine the definitive answer. Aggregation uses a majority-
voting mechanism with the following rules:

• Majority Vote: If one option (e.g., “A”) receives the most votes across the
three retrieval sets (two or three votes), it is selected as the final answer.

• Unanimous Vote: If all predictions are identical, the system selects this
option with high confidence, indicating strong agreement.

• Tie-Breaking: If no clear majority emerges (e.g., “A” and “B” each receive
one vote, and “C” receives one), the system defaults to the prediction from
the largest retrieval set (𝑘 = 6), assuming it provides the most comprehensive
information.

Formally, the final answer is:
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𝑂̂ = Aggregate({𝑂̂𝑘𝑗 }
𝑚
𝑗=1)

where 𝑚 = 3 corresponds to 𝑘𝑗 ∈ {3, 5, 6}, and Aggregate(⋅) applies the majority,
unanimity, and tie-breaking rules. The rationale associated with the majority option
is selected as the final rationale, ensuring consistency between the answer and its
explanation. For example, if two retrievals predict “A” with a rationale about
mitochondria and one predicts “B” with a rationale about the nucleus, the system
selects “A” and its corresponding rationale.

Aggregate k-values RAG represents a significant advancement over traditional RAG
by leveraging multiple retrieval granularities to produce robust, stable answers. By
combining predictions from different context sizes through majority voting, the sys-
tem mitigates the limitations of single-( k ) retrieval, such as sensitivity to noise
or incomplete context. Its applicability to zoology and other knowledge-intensive
domains makes it a powerful tool for educational, assessment, and research appli-
cations. Despite challenges like computational overhead and heuristic ( k )-values,
the pipeline’s flexibility and explainability position it as a promising approach for
enhancing the reliability of question-answering systems. Future work could explore
adaptive strategies and hybrid methods to further improve its performance, making
it a cornerstone for robust, knowledge-driven AI applications.

3.3 Evaluating English MMedBench and Bangla
MMedBench Datasets

In this part of the evaluation, we restricted our experiments to Zero-Shot and Web
Search with Zero-Shot fallback methods. Unlike the BanglaMedQA experiments, no
traditional RAG-based approaches were applied here. The primary reason is that
the MMedBench dataset contains scenario-based questions, often tied to specific
patients, clinical decisions, or ethical situations. For such question types, we were
unable to identify any structured textbook or domain corpus that could serve as a
reliable retrieval source. Nevertheless, we included these experiments to compare the
performance of models across English and Bangla versions of the dataset, providing
insight into how translation impacts accuracy and whether web search adds value
in such context-heavy medical reasoning tasks. The pipeline for this approach is
shown in Figure 3.6
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Figure 3.6: Zero-Shot and Web Search on English and Bangla MMedBench
Datasets

3.3.1 Zero-Shot Analysis

The Zero-Shot evaluation was conducted on both the English dataset and its trans-
lated Bangla counterpart. The objective was to assess the model’s ability to select
correct answers and provide coherent rationales without any fine-tuning. This ap-
proach allows for the examination of the model’s inherent reasoning capabilities,
language understanding, and generalization across languages. By comparing perfor-
mance on both English and Bangla datasets, it was possible to analyze not only the
accuracy of the predictions but also how effectively the model adapts its explana-
tions to different linguistic contexts. The methodology is described in the following
steps.

1) Prompting and Model Prediction:

Each question 𝑞𝑖 along with its options 𝑂𝑖 was converted into a structured prompt:

𝑃𝑖 = 𝑓(𝑞𝑖, 𝑂𝑖)

where 𝑓(⋅) represents a template instructing the model to select the best answer and
provide a concise rationale in the target language. The template explicitly directed
the model to respond with a single option (A, B, C, or D) and a short explanation,
allowing uniform interpretation of both English and Bangla questions.

The model then generated an output for each prompt:

𝑦̂𝑖 = {𝑎̂𝑖, 𝑟𝑖}

where 𝑎̂𝑖 is the predicted option and 𝑟𝑖 is the generated rationale. To maintain
reliability and prevent indefinite execution, a timeout constraint 𝑇 = 300 seconds
was enforced, after which any incomplete response was discarded.
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2) Evaluation and Aggregation

The evaluation primarily focused on the correctness of the predicted answers. Ac-
curacy across 𝑁 questions was computed as:

Accuracy = 1
𝑁

𝑁∑

𝑖=1
𝟏(𝑎̂𝑖 = 𝑎𝑖)

where 𝟏(⋅) is the indicator function.

In addition to quantitative assessment, the generated rationale 𝑟𝑖 was qualitatively
compared with the reference rationale 𝑟𝑖 whenever available. This comparison al-
lowed for the assessment of whether the model’s reasoning aligned with domain
knowledge and captured key concepts, even without fine-tuning.

For each question, a result vector was constructed:

𝑅𝑖 = {𝑎̂𝑖, 𝑟𝑖, 𝑎𝑖, 𝑟𝑖,Accuracy𝑖}

Aggregate statistics, including overall accuracy and rationale alignment trends, were
computed across both English and Bangla datasets.

3.3.2 Web Search with Fallback to Zero-Shot

To enhance the performance of the Zero-Shot setting, we introduced a pipeline that
augments question answering with external web retrieval while retaining a fallback
to Zero-Shot when necessary. This design ensures that every question receives an
attempted answer while grounding predictions in external evidence whenever possi-
ble.

There are two steps in this method:

1) Web Retrieval:

Each question 𝑞 is passed as a query to the Serper API, which is instructed to
return up to 8 search results. The number of results successfully returned is logged
as Serper hits. From these, the top 3 links are selected and scraped. The raw text
extracted from these pages (e.g., paragraphs, list items) is concatenated and filtered
by length. If the scraped text is long enough, it is summarized into a compact web
context, 𝐶web.
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If the web context passes the minimum length threshold, i.e. |𝐶web| > 𝜏2, the LLM
is prompted with the question 𝑞, the options 𝑂, and web context 𝐶web to generate
its prediction:

(𝑂̂, 𝑅) = argmax
𝑎

𝑃(𝑎 ∣ 𝑞, 𝑂, 𝐶web)

2) Zero Shot Fallback:

If the web retrieval either fails due to scraping errors or no links were returned,
or it produces an insufficient summary (|𝐶web| ≤ 𝜏2), the pipeline falls back to a
Zero-Shot mode. In this case, the LLM answers directly from the question 𝑞 and its
options 𝑂, without any external context:

(𝑂̂, 𝑅) = argmax
𝑎

𝑃(𝑎 ∣ 𝑞, 𝑂)

This methodology allows the system to leverage external knowledge for grounding
while ensuring that no question remains unanswered, making it particularly effective
for situation based MCQs where textbook coverage may be incomplete.

3.4 Experimental Setup
To evaluate the proposed approaches, we employed multiple LLMs, external APIs,
and supporting libraries to construct a robust RAG-based pipeline. The setup inte-
grates both local retrieval from the Bangla biology textbook and fallback strategies
to external web search or Zero-Shot reasoning.

3.4.1 Large Language Models

We experimented with a range of models served through the Groq API [33], including
llama-3.3-70b-versatile [34], llama-3.1-8b-instant [35], openai/gpt-oss-20b [36], and
openai/gpt-oss-120b. The Groq API was chosen for its low-latency inference and
ease of switching between different model variants without modifying downstream
code.

3.4.2 Embedding Models

For Bangla text, we used the BanglaSBERT model, a multilingual variant of Sentence-
BERT (SBERT) specifically optimized for semantic similarity in Bangla. SBERT
modifies the original BERT architecture by introducing a siamese network structure
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that enables the generation of semantically meaningful sentence embeddings instead
of token-level representations. This allows direct comparison of sentence vectors us-
ing cosine similarity, which significantly improves efficiency in semantic search and
clustering.

3.4.3 Vector Database and Chunking

The entire Bangla biology textbook was normalized, cleaned, and segmented into
overlapping chunks of 1,000 characters with an overlap of 200. This chunking ensured
that retrieved passages were semantically complete while avoiding information loss
at segment boundaries. A FAISS index [37] was built and cached locally for reuse
across runs.

3.4.4 External Web Search

The Serper API [38] was integrated to perform web retrieval. For each query, up to
8 search results were requested, of which the top 3 links were scraped. Extracted
raw text was summarized into a compact context before being passed to the LLM.

3.4.5 Agentic RAG with Router

Unlike traditional RAG, which only checks context length, the agentic pipeline in-
troduced a router module that explicitly judged whether retrieved textbook passages
contained sufficient information. The router was prompted to answer “Yes” or “No,”
and its decision determined whether to proceed with Local RAG or fallback to Web
Search. Thresholds were applied to further control routing:

• 𝜏1 = 300 characters for textbook retrieval.

• 𝜏2 = 200 characters for web summaries.

If the retrieved or summarized context failed these thresholds, the pipeline defaulted
to Zero-Shot answering.

3.4.6 Iterative MCQ Evaluation

To improve answer accuracy, questions that failed the initial one-shot evaluation
were reprocessed using an iterative method with 2 iterations. In this approach, the
model extracted key keywords or short phrases from the retrieved context in each
iteration, refining the query before generating the final answer.
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3.4.7 Aggregated RAG Evaluation

To enhance prediction robustness, each question was processed with multiple re-
trieval settings (k = 3, 5, and 6) from the FAISS vector store. The model’s answers
from these different retrievals were combined using a voting mechanism, with a
tie-breaker favoring the largest retrieval set (k = 6). This aggregation approach
reduces errors from incomplete context retrieval and improves both option selection
and rationale generation.

3.4.8 Error Handling and Retry Strategy

To handle instability from API calls, the system used exponential backoff retries
for Groq and Serper requests (up to 3–4 attempts). This ensured smoother execu-
tion during large-scale batch runs, preventing failures caused by transient network
or server issues. In addition, detailed logging was implemented to capture error
metadata such as request latency, response status, and endpoint behavior. This
information was later used to analyze API reliability trends and optimize retry in-
tervals. Combined with local caching of successful responses, the retry strategy
improved both resilience and throughput in the overall evaluation pipeline.

3.4.9 Evaluation Metrics

• Accuracy: Proportion of correctly predicted answers for MCQs as in Equa-
tion 3.1. It provides a straightforward measure of overall model performance
by indicating how often the predicted option matches the correct answer.
Higher accuracy reflects stronger comprehension and retrieval effectiveness
across question types.

Accuracy = Number of Correct Predictions
Total Number of Predictions (3.1)

• BERTScore (F1): Evaluates the semantic similarity between generated and
reference rationales using contextual embeddings from a pretrained BERT
model. Instead of relying on surface-level n-gram overlap, it compares em-
beddings token by token, capturing deeper semantic alignment and meaning
preservation between two texts [39]. The BERTScore (F1) formula is the
standard harmonic mean for F1 scores, calculated as:

𝐹1 = 2 × 𝑃 × 𝑅
𝑃 + 𝑅 (3.2)
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where 𝑃 is the BERT-Precision and 𝑅 is the BERT-Recall.

• METEOR Score: Considers precision, recall, and synonym matching for
textual similarity. Unlike BLEU, METEOR accounts for word stemming and
paraphrasing, making it more sensitive to variations in word choice and sen-
tence structure that still convey equivalent meanings [40]. The METEOR
score is calculated as:

𝐹𝑚𝑒𝑎𝑛 =
10𝑃𝑅
𝑅 + 9𝑃 (3.3)

𝑃𝑒𝑛𝑎𝑙𝑡𝑦 = 0.5 × ( #𝑐ℎ𝑢𝑛𝑘𝑠
#𝑢𝑛𝑖𝑔𝑟𝑎𝑚𝑠_𝑚𝑎𝑡𝑐ℎ𝑒𝑑)

3

(3.4)

𝑆𝑐𝑜𝑟𝑒 = 𝐹𝑚𝑒𝑎𝑛 × (1 − 𝑃𝑒𝑛𝑎𝑙𝑡𝑦) (3.5)

• ROUGE Score: Measures n-gram overlap and longest common subsequence
to assess content coverage and informativeness. ROUGE-1 and ROUGE-2
evaluate unigram and bigram overlaps respectively, while ROUGE-L captures
the longest sequence of words in common, reflecting overall content similarity
and coherence [41].

ROUGE-1 and ROUGE-2:

Precision = Number of matching n-grams
Number of n-grams in candidate summary (3.6)

Recall = Number of matching n-grams
Number of n-grams in reference summary (3.7)

𝐹1 = 2 × Precision × Recall
Precision + Recall (3.8)

where, we can change “n-grams” with “unigrams” or “bigrams” depending on
whether it’s ROUGE-1 or ROUGE-2.

ROUGE-L:

Precision = Length of LCS
Total number of words in candidate summary (3.9)
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Recall = Length of LCS
Total number of words in reference summary (3.10)

𝐹𝛽 = (1 + 𝛽2) × Precision × Recall
(𝛽2 × Precision) + Recall

(3.11)

where, LCS is the Longest Common Subsequence and 𝛽 is a parameter that
balances precision and recall.

• BLEU Score: Computes n-gram precision to evaluate fluency and surface-
level correspondence with reference text. It rewards outputs that share similar
word sequences with reference answers, serving as a traditional benchmark for
evaluating the quality and grammatical correctness of generated text [42].
The BLEU score is computed using the geometric mean of modified n-gram
precisions and a brevity penalty factor.

𝐵𝑃 =
⎧

⎨
⎩

1, if 𝑐 > 𝑟

𝑒(1−𝑟∕𝑐), if 𝑐 ≤ 𝑟
(3.12)

𝐵𝐿𝐸𝑈 = 𝐵𝑃 × exp (
𝑁∑

𝑛=1
𝑤𝑛 log𝑝𝑛) (3.13)

where 𝑝𝑛 is the modified n-gram precision, 𝑤𝑛 are positive weights such that
∑𝑁

𝑛=1𝑤𝑛 = 1, 𝑐 is the length of the candidate translation, and 𝑟 is the reference
length.

Rationale for Metric Selection:

These metrics were chosen to provide a holistic evaluation of both answer accuracy
and rationale quality. Accuracy serves as a direct measure of the model’s correct-
ness, while BERTScore and METEOR capture semantic and linguistic alignment,
assessing whether the model’s reasoning conveys the intended meaning even if exact
words differ. ROUGE metrics evaluate the extent to which the generated rationales
cover relevant content from the reference, including structural and sequence similar-
ities. BLEU scores complement this by assessing surface-level fluency and n-gram
precision, ensuring that generated explanations are coherent and readable.

By combining these metrics, the evaluation captures multiple dimensions of per-
formance: factual correctness, semantic fidelity, content coverage, and linguistic
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quality. This is particularly important for assessing models across both English and
Bangla datasets, where the goal is to measure not only accuracy but also the quality
and clarity of the generated rationales.
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Chapter 4

Results and Discussion

In this section, we present the evaluation results of our proposed approaches for
answering Bangla biology Multiple-Choice Questions (MCQs) using Large Lan-
guage Models (LLMs) in a Retrieval-Augmented Generation (RAG) framework. We
are also presenting the results of MMedBench (English) and its Bangla translated
dataset, Bangla MMedBench, on Zero-Shot and Web Search techniques. The per-
formance of the models was assessed both in terms of accuracy for selecting the
correct options and through various natural language generation metrics to evaluate
the quality of generated rationales. We also analyze the effects of different retrieval
strategies, aggregation techniques, and iterative reasoning on overall performance,
providing insights into the strengths and limitations of our pipeline.

4.1 Presenting the Results
Across all methods as shown in Table 4.1, the Zero-Shot method serves as the
baseline, with accuracies ranging from 42.15% (llama-3.1-8b-instant) to 82.60%
(openai/gpt-oss-20b). Traditional RAG consistently improves over Zero-Shot, achiev-
ing accuracies between 65.79% and 86.32%, while RAG with Zero-Shot Fallback
provides modest additional gains, reaching up to 87.22%. Iterative Feedback RAG
improves response reliability for some models but generally underperforms compared
to more advanced approaches. In contrast, Agentic RAG achieves the highest over-
all performance, particularly for larger models, with openai/gpt-oss-120b reaching
an accuracy of 89.54%. This demonstrates the effectiveness of the agentic strategy
in dynamically adapting retrieval and reasoning processes to each query. Aggre-
gate k-values RAG follows closely behind, providing robust and stable performance
by integrating outputs from multiple retrieval depths, achieving accuracies such as
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Table 4.1: Performance Metrics on BanglaMedQA Across Different RAG Config-
urations. The best results for each metric are shown in bold.

Model Accuracy BERT METEOR ROUGE-1 ROUGE-2 ROUGE-L BLEU-1 BLEU-2

Zero-Shot

llama-3.3-70b-versatile 73.04% 0.7557 0.1426 0.2063 0.0714 0.1853 0.1414 0.0804
llama-3.1-8b-instant 42.15% 0.7244 0.1149 0.1488 0.0374 0.1299 0.1163 0.0547
openai/gpt-oss-120b 82.49% 0.7300 0.1024 0.1506 0.0325 0.1318 0.1143 0.0509
openai/gpt-oss-20b 82.60% 0.7212 0.1048 0.1544 0.0363 0.1362 0.1143 0.0525

Local RAG

llama-3.3-70b-versatile 82.70% 0.7638 0.1444 0.0603 0.0289 0.0586 0.1294 0.0788
llama-3.1-8b-instant 65.79% 0.7422 0.1451 0.0465 0.0200 0.0457 0.1403 0.0782
openai/gpt-oss-120b 86.32% 0.7347 0.1148 0.0825 0.0284 0.0803 0.1215 0.0590
openai/gpt-oss-20b 83.50% 0.7329 0.1220 0.0685 0.0186 0.0675 0.1270 0.0636

Local RAG + Zero-Shot Fallback

llama-3.3-70b-versatile 82.90% 0.7657 0.1482 0.0560 0.0295 0.0556 0.1366 0.0821
llama-3.1-8b-instant 66.60% 0.7333 0.1517 0.0562 0.0231 0.0541 0.1424 0.0776
openai/gpt-oss-120b 87.22% 0.7078 0.1137 0.0796 0.0273 0.0774 0.1234 0.0565
openai/gpt-oss-20b 85.81% 0.6984 0.1193 0.0726 0.0208 0.0700 0.1265 0.0609

Web Search + Zero-Shot Fallback

llama-3.3-70b-versatile 87.83% 0.7564 0.1469 0.0468 0.0162 0.0458 0.1422 0.0783
llama-3.1-8b-instant 58.35% 0.7141 0.1473 0.0505 0.0222 0.0497 0.1316 0.0679
openai/gpt-oss-120b 88.83% 0.7126 0.1048 0.0827 0.0226 0.0805 0.1151 0.0516
openai/gpt-oss-20b 87.02% 0.7122 0.1140 0.0657 0.0199 0.0642 0.1197 0.0571

Agentic RAG (Local + Web) + Zero-Shot Fallback

llama-3.3-70b-versatile 86.62% 0.7593 0.1476 0.0494 0.0208 0.0483 0.1429 0.0841
llama-3.1-8b-instant 63.38% 0.7238 0.1459 0.0520 0.0177 0.0504 0.1396 0.0749
openai/gpt-oss-120b 89.54% 0.7274 0.1136 0.0897 0.0271 0.0870 0.1228 0.0565
openai/gpt-oss-20b 88.83% 0.7353 0.1253 0.0763 0.0228 0.0746 0.1339 0.0669

Iterative Feedback RAG

llama-3.3-70b-versatile 78.07% 0.7431 0.1424 0.0643 0.0174 0.1462 0.1129 0.0754
llama-3.1-8b-instant 49.20% 0.7982 0.1352 0.0432 0.0343 0.0563 0.1432 0.0723
openai/gpt-oss-120b 88.73% 0.7537 0.1348 0.0225 0.0255 0.0801 0.1115 0.0591
openai/gpt-oss-20b 87.42% 0.7231 0.1230 0.0655 0.0176 0.0635 0.1170 0.0646

Aggregate k-values RAG

llama-3.3-70b-versatile 82.34% 0.6526 0.1211 0.0621 0.0254 0.0532 0.1424 0.0634
llama-3.1-8b-instant 51.81% 0.6321 0.1452 0.2314 0.0732 0.1642 0.1113 0.0697
openai/gpt-oss-120b 84.51% 0.6925 0.1059 0.1412 0.0391 0.1227 0.1124 0.0579
openai/gpt-oss-20b 83.95% 0.6688 0.0938 0.1221 0.0310 0.1074 0.0951 0.0453
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Table 4.2: Percentage Accuracy for English and Bangla MMedBench Datasets

Model Bangla Dataset English Dataset

Zero-Shot Web Search Zero-Shot Web Search

llama-3.3-70b-versatile 62.08% 60.00% 88.90% 83.86%
openai/gpt-oss-120b 90.59% 82.97% 92.47% 89.90%

84.51% for openai/gpt-oss-120b.

When comparing smaller and larger variants, the performance gap between llama-3.1-
8b-instant and llama-3.3-70b-versatile is substantial, with the 70B model
showing a pronounced improvement across all evaluation metrics. In contrast,
openai/gpt-oss-20b and openai/gpt-oss-120b exhibit relatively close perfor-
mance levels, suggesting that scaling beyond 20B parameters yields diminishing
returns in this context.

Overall, while all methods substantially enhance the baseline Zero-Shot approach,
Agentic RAG demonstrates the strongest performance for high-capacity models,
with Iterative Feedback RAG ranking second. Local RAG and RAG with Zero-Shot
Fallback maintain steady gains across the board, while Aggregate k-values RAG
offers situational improvements that emphasize refinement and stability.

The integrated evaluation of rationale quality further reinforces these findings. As
shown in the tables, Agentic RAG not only achieves the highest accuracy but also
produces rationales with strong linguistic and semantic quality, reflected in its su-
perior ROUGE-1, ROUGE-L, and BLEU scores. This indicates that its generated
explanations exhibit higher n-gram overlap and structural coherence with reference
answers. Meanwhile, methods like Zero-Shot and Iterative Feedback RAG achieve
relatively strong BERTScore and METEOR values, suggesting that they preserve
semantic meaning even if structural alignment is weaker. Traditional and Fallback
RAG maintain moderate yet balanced performance across most metrics, demon-
strating robustness in generating concise, semantically grounded responses. Aggre-
gate k-values RAG, though occasionally affected by retrieval noise, still performs
consistently across metrics.

In summary, Agentic RAG with Zero-Shot Fallback provides the most comprehen-
sive improvement, combining high factual accuracy with linguistically coherent and
semantically aligned rationales, making it the most effective framework among all
evaluated RAG configurations on the BanglaMedQA dataset.

Table 4.2 presents the accuracy values for the MMedBench dataset and its Bangla
translation across different models and settings. For the Bangla dataset, openai/gpt-
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oss-120b achieved the highest accuracy at 90.59%, significantly outperforming llama-
3.3-70b-versatile, which reached 62.08%. When Web Search assistance was applied,
performance slightly decreased for both models on the Bangla dataset, with 82.97%
for openai/gpt-oss-120b and 60.00% for llama-3.3-70b-versatile. On the English
dataset, both models performed better overall, with openai/gpt-oss-120b attain-
ing 92.47% in Zero-Shot mode and 89.90% with Web Search, while llama-3.3-70b-
versatile achieved 88.90% and 83.86%, respectively. These results indicate that
Zero-Shot predictions on the English dataset are generally more accurate, while
Web Search assistance does not always improve performance and may slightly re-
duce accuracy, particularly for the Bangla translation. This is particularly evident
because the MMedBench questions are scenario-based, often tied to specific patients
and clinical contexts, where generic web content provides limited value, an observa-
tion mirrored in the accuracies.

4.2 Interpreting the Results

4.2.1 BanglaMedQA Dataset

As anticipated, Traditional RAG improved performance over Zero-Shot by ground-
ing predictions in textbook passages. This validated the expectation that external
knowledge enhances factual accuracy. However, improvements were uneven across
models, since retrieval quality depends heavily on embeddings. The jump in accu-
racy from Zero-Shot to Traditional RAG was much more significant in the Llama
models compared to the GPT-oss models, as GPT-oss performed fairly well in Zero-
Shot to begin with.

The fallback strategy yielded only modest improvements over Traditional RAG,
aligning with the observation that preventing any questions from going unanswered
will improve the performance. While it did prevent unanswered questions, the ac-
curacy increase was merely by 1-2%, as misleading long chunks were sometimes
retained due to the assumption that lengthy context is quality context.

Agentic RAG generally outperformed all other methods, especially for larger models
such as GPT-oss-120b. The router mechanism reduced dependence on context length
alone, mitigating one of the key weaknesses of fallback RAG. Nonetheless, errors
introduced by imperfect router judgments and noisy web retrieval confirmed that
even adaptive pipelines cannot fully eliminate irrelevant context. Still, the results
support the design assumption that dynamic strategy selection improves robustness.
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The performance of Iterative Feedback RAG across the BanglaMedQA models indi-
cates that while the iterative refinement mechanism can enhance answer quality over
the Zero-Shot baseline, its improvements are inconsistent. For example, it achieves
78.07% accuracy for the llama-3.3-70b-versatile model but rises to 88.73% for
the openai/gpt-oss-120b model. This variation suggests that the method’s effec-
tiveness is sensitive to model capacity and the quality of initial keyword or phrase
extraction during iterative steps. In some cases, the iterative process may propa-
gate errors if the initial retrieval highlights misleading or incomplete information,
which limits its reliability across different models. Although iterative refinement
can partially correct mistakes, it does not consistently outperform other retrieval-
augmented strategies, particularly for smaller models.

Aggregate k-values RAG demonstrates more stable and robust performance across
the same models, consistently ranking just below the top-performing Agentic RAG.
By combining predictions from multiple retrieval sizes, the approach leverages com-
plementary context and mitigates the impact of noisy or incomplete single retrievals.
This is reflected in its accuracies of 82.34% for llama-3.3-70b-versatile and
84.51% for openai/gpt-oss-120b. The aggregation mechanism provides a system-
atic way to balance precision and coverage, ensuring that critical information is less
likely to be missed, even when individual retrievals are imperfect.

4.2.2 English MMedBench and Bangla MMedBench Datasets

The results on the English MMedBench dataset and its Bangla translation, Bangla
MMedBench dataset, as shown in Table 4.2 illustrate clear disparities. Zero-Shot and
Web Search methods performed better on the English dataset, likely because models
are pretrained primarily on English corpora. On the Bangla MMedBench dataset,
openai/gpt-oss-120b significantly outperformed llama-3.3-70b-versatile, suggesting
that scaling can partially bridge cross-lingual gaps. Interestingly, Web Search did not
consistently improve performance and sometimes reduced accuracy. This deviation
from expectations can be explained by the scenario-based nature of MMedBench
questions, often tied to specific patients and clinical contexts, where generic web
content provided little value. Thus, the assumption that web grounding would
universally improve accuracy was not fully validated.
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4.3 Discussion
The limitations that highlight the trade-offs made in the design of the different
retrieval strategies affect the overall performance of the system. Some of these
limitations have been discussed below.

The Zero-Shot approach depends entirely on the model’s parametric memory with-
out external knowledge. While this ensures an answer is always produced, it of-
ten suffers from hallucinations or knowledge gaps, especially for domain-specific
biology content not well covered in pretraining. This limits both factual accuracy
and grounding, though performance could be improved by using LLMs trained on
biomedical data.

Traditional RAG is constrained by retrieval quality. Semantically close but incom-
plete chunks often cause the model to abstain or give weak rationales. Since retrieval
is done only on the question text and not the options, the retrieved passages may
be topically relevant but insufficient to distinguish between closely related choices.
This exposes the fragility of embedding-based similarity search.

The fallback strategy addresses abstention by defaulting to Zero-Shot when retrieved
content is short. However, this decision rule is simplistic: misleading but lengthy
passages may be accepted, while concise yet useful ones are ignored. This limitation
motivated the Router in our Agentic RAG pipeline.

Agentic RAG adds a router to decide between local retrieval, web search, and fall-
back, improving robustness. Yet, it also has drawbacks: the router can misjudge
sufficiency, web search often introduces noisy or irrelevant text, and the system as-
sumes length equates to quality during web search. Moreover, the router is only
applied to local retrieval, a trade-off made to balance latency and cost, which can
still let irrelevant web content like SEO text, forum chatter, or news articles influence
the reasoning.

The iterative feedback approach refines answers by extracting keywords or phrases
from the initial context and re-querying the knowledge base. However, if the LLM
selects irrelevant or misleading keywords, subsequent retrievals may focus in the
wrong direction, compounding errors from the first iteration. Additionally, this
method does not verify whether the final answer actually appears in the retrieved
passages, relying entirely on the model’s internal reasoning.

Aggregate k-values RAG enhances robustness by combining predictions from mul-
tiple retrieval sizes, but its tie-breaking strategy, is a heuristic that does not always
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guarantee correctness. Running multiple retrieval chains for each query also in-
creases computational cost and processing time, particularly for large datasets. De-
spite these limitations, aggregating across different context sizes generally provides
more stable and reliable results compared to single-pass methods.
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Chapter 5

Conclusion

This chapter concludes the study by summarizing the key findings, outlining the
main contributions, acknowledging limitations, and suggesting directions for future
research. It closes with concluding remarks that reflect on the overall outcomes and
potential impact of the work.

5.1 Summary of Key Findings
The research set out to develop a Bangla biomedical multiple-choice question answer-
ing system. To achieve this, two novel datasets were introduced: BanglaMedQA,
a Bangla medical corpus curated from textbooks and exam materials, and Bangla
MMedBench, a translated biomedical corpus from the English MMedBench Dataset.
In addition, a Bangla biology textbook was incorporated as a retrieval source to sup-
port knowledge grounding in RAG frameworks.

Through a series of Retrieval-Augmented Generation (RAG) approaches, including
Traditional RAG, RAG with Zero-Shot Fallback, Agentic RAG, Iterative Feedback
RAG, and Aggregate RAG strategies, the study demonstrated that incorporating
retrieval mechanisms significantly improves factual accuracy and explainability com-
pared to Zero-Shot approaches. Moreover, the integration of rationale generation
alongside predicted answers provided greater educational value, making the system
more suitable for biomedical learning and training contexts.

5.2 Contributions of the Research
The key contributions of this work can be summarized as follows:
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• Creation of the first Bangla-focused biomedical MCQ dataset (BanglaMedQA),
along with an extended translated version (Bangla MMedBench).

• Developed a multilingual RAG framework supporting both Bangla and English
biomedical queries, bridging cross-lingual gaps in QA performance.

• Implemented and evaluated multiple RAG variants for biomedical MCQs with
rationales, including Traditional, Fallback, Iterative Feedback, Aggregate k-
values, and Agentic RAG.

• Empirical results show that advanced RAG methods significantly outperform
Zero-Shot baselines: Agentic RAG reached up to 89.54% accuracy on
BanglaMedQA, improving over Zero-Shot by 7–47% across models and
ranked top in 6 out of 8 model-dataset configurations.

• Agentic RAG also produces the most coherent and semantically aligned ra-
tionales, achieving the highest ROUGE, BLEU, and structural quality
scores, while other RAG variants offer balanced semantic improvements.

• Larger models (GPT-oss-120b, llama-3.3-70b) outperform smaller variants,
with diminishing returns beyond 20B parameters, highlighting the interplay
of model scale, retrieval strategy, and multilingual performance.

5.3 Acknowledging Limitations
While the study achieved promising results, certain limitations must be acknowl-
edged. The size of the Bangla dataset is relatively small compared to large-scale
English biomedical corpora, which may limit the generalization of findings. The
translation-based dataset may also introduce linguistic inconsistencies that affect
performance. Furthermore, the experiments were constrained by computational re-
sources, limiting exploration of larger model variants and more complex fine-tuning
strategies.

5.4 Directions for Future Research
Future research can extend this work in several ways. First, expanding the Bangla
biomedical dataset with more diverse and fine-grained sources would strengthen
model training. Second, improving translation quality and incorporating human-
annotated parallel corpora could reduce errors in multilingual alignment. Third,
more advanced RAG methods, such as graph-based retrieval or knowledge-grounded
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reasoning, could be explored to further improve accuracy and explainability. Lastly,
deployment-focused studies involving medical students and practitioners could val-
idate the system’s usability and real-world effectiveness.

5.5 Concluding Remarks
In conclusion, this research has taken an important step toward bridging the gap in
multilingual biomedical question answering, with a particular focus on Bangla. By
combining dataset creation, retrieval-augmented generation, and rationale-driven
outputs, the work contributes to both the academic community and practical med-
ical education. While challenges remain, the study lays the groundwork for future
advancements that can make biomedical knowledge more accessible across languages
and contexts.
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